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Abstract

During grape cultivation, leaf diseases generally exhibit characteristics such as small targets, complex
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backgrounds, and frequent occlusions in the field environment. Existing detection models often suf-
fer from large parameter sizes and difficulty in edge deployment. Based on YOLOv10n, this paper pro-
poses a lightweight improved model, YOLOv10n-SH. The model replaces the original shallow feature
extraction structure with HGStem to reduce computational load at the high-resolution stage while re-
taining detailed information. It then incorporates a feature extraction module composed of HGBlock
and depthwise separable convolutions, enhancing the backbone network’s expressive capability
while maintaining the parameter count. Additionally, a hierarchical adaptive fusion module (HAFB)
is introduced in three feature layers of the backbone network to adaptively align and weight the C2f
main path features with the HGBlock branch features, replacing the previous concatenation fusion
approach, thereby enhancing the detection capability for small disease spots. Experimental results
on a self-built grape leaf disease dataset indicate that compared to the baseline model, YOLOv10n-
SH achieves an mAP@0.5 0f 97.7%, an increase of 2 percentage points, reduces the parameter count
from 2.3 M to 1.50 M, and the computational load from 6.7 GFLOPs to 5.9 GFLOPs, demonstrating
certain practical value.
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Figure 1. Partial dataset samples
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22. EWFEH

SEIGZE DL R IRE R 3E4T: Intel Xeon CPU + NVIDIA RTX 4090 GPU, 24GB &1, Ubuntu 20.04 &%,
PyTorch 2.0, CUDA 11.8. JIZ:Z%: batch size =50, ¥4 >]% 0.01, iLs SGD.

2.3. FfrigtR

T LA RO B AL AL B R (S, R T 4 MRV BIMEREFERR . 2 DT EPEREIR AR AR Y
BUE KN RPN R, WY R I REFE bR A K5 TR (precision, P). A [0 Z (recall, R). loU &1 0.5 I
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Figure 2. YOLOv10n-SH model structure diagram
[ 2. YOLOv10n-SH 1B ZE &

1) ERGR G HGStem
J5 YOLOV1O0n (] Stem {¥# 640 x 640 TFFEE 320 x 320, 542 TAE 3202w i Lizhd, B
W HEE K. AWK HGStem [8]& X5 44 Stem, I 2016 N RkE S 200 L BT AR E 44 .
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Figure 3. Internal structure of HGStem
3. HGStem I ERLEH

2) HGBIlock 5 DWConv J& &b

FTF M2 B ATTH HGBlock [8]-[10]41 DWConv # 4 T —MEARHEFE UG . HGBIlock #& M CSP-
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P INEL . DWConv NWHEARHESFIF M . S8 @ IE i depthwise &, FFH 1 x 1 pointwise &R
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oy =28 B, RO PERRHIELKE DWConv ERFE, 70 HIFRFIES stride-2 DWConv FREE, 4t
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mAP50-95. Precision (P). Recall (R). Z%&. I H BN IRIREAT X L4, SBEsLInst Rk 1
B o

Table 1. Ablation experiment
= 1. JHELSCLE

i mMAP@0.5/% mMAP@0.5-0.95/% P/% R/% Z3&E/M 5 E/GFLOPs
YOLOv10n 95.7 81.8 98.4 94.9 2.3 6.7
YOLOV10n + HGStem 95.9 71.7 948 925  1.84 5.7
YOLOV10n + HGBLOCK 96.9 84.1 986 945  1.94 5.1
YOLOv10n + HAFB 97.0 86.2 98.7 954  3.72 8.6
YOLOv10n + HGStem + HGBLOCK 96.8 82.7 98 952 143 4.0
YOLOV10n + HGStem + HAFB 96.4 84.1 940 945  1.68 45
YOLOv10n + HGBLOCK + HAFB 97.4 85.6 989 955 1.8 6.1
YOLOv10n-SH 97.7 89.1 99.7 96.9 1.5 5.9

M 1 A7), YOLOVIOn FZ M mAP@0.5 Al mAP@0.5:0.95 435I 95.7%F1 81.8%. fIA
HGBIlock J&, ) mAP@0.5 #2T+% 96.9%, MAP@0.5:0.95 #2714 84.1%, AN S¥EH 2.3 M [F=
1.94M, GFLOPs [ 6.7 [£% 5.1, #i8 HGBlock fgf% 75 &R A B 57 4% B 1 IR B FR FHRFIE B B AR /) o B
N HAFB 2 J5, #A mAP@0.5. mAP@0.5:0.95 742 =% T 97.0%. 86.2%, LHLILLERAIE L,
Wi B S NS R RS T USRI (1 22 RS RFIERIARE /7. (HA2 HAFB Sl FH A 2 85 i f ot
SRR IR, Ul B IZ A e R AT DA R A RS 5, H A2t 2 Sk — SR B A T H BT 4 - 5 2%, YOLOv10n-
SH ZZ& % HGStem. HGBlock 1 HAFB, HufF 7 s ifrilzs . BAE) mAP@0.5 A 97.7%,
MAP@0.5:0.95 J}y 89.1%, Precision F1 Recall 735l 99.7%F1 96.9%. SHELEHIAIAHLL, mAP@0.5 #25
20 NES A, MAP@0.5:0.95 $255 7.3 ME A A SEE /D 0.8M, THEE /D> 0.8GFLOPs. 45 R K]
BB [BAEAE — R I EAME, T DA [R] 46 A 2 e A B2 LA R A AR R

4.2. ANEHEEFTEE RS

Rt — I YOLOv1On-SH Rta il fe, % H 5 RT-DETR. YOLOv5n. YOLOv8n. YOLO11 Al
YOLO26 BRI AT b AT A B AEAR R B A2 X 4« BN RS IIZRES IR RPN b vl T 12E4T U1 45
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Table 2. Comparison test
% 2. JEbitie

it mAP@0.5/%  mAP@0.5-0.95/%  P/%  R/% ZHEIM TH5 f#/GFLOPs
RT-DETR 83.1 78.4 855 824 67.5 108.2
YOLOV5n 89.7 65.8 815 799 5.4 7.5
YOLOV8n 92.1 83.6 843 826 6.3 8.3
YOLO11 88.9 84.4 837 831 5.1 7.2
YOLO26 91.2 83.7 845 836 5.2 6.7
YOLOv10n-SH 97.7 89.1 99.7 969 15 5.9

M# 2 FTLAE H, YOLOVION-SH 5 Tk kS 52 48 A A L EU B 4 . o, YOLOV10n-SH Y]
mAP@0.5 i F 97.7%, % RT-DETR. YOLOv5n. YOLOv8n. YOLO11 Fl YOLO26 73 73 14.6. 8.0.
5.6 8.8 M1 6.5 4> s MAP@0.5:0.95 iA FI| 89.1%, [FIFEHLAS i i 45 Bt o 7M7Y &5 4 ¥ 511, YOLOv10n-
SH (I HEICN 1.50 M, (KT HAXT AR, GFLOPs A 5.9, & T#/ BB R it &,
AT RT-DETR 1 YOLOV8N 5458 . ZRa A RS [ LSS A S 28 FE R A1, YOLOv10n-SH 7E A # 4 4
FHETS T IR ARG FE RSCR 2 T 1)1
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SEOG E R B, YOLOVION-SH 7 % & M 1 9 2 2 ds 52 E 1 Precision. Recall. mAP@0.5 Al
MAP@0.5:0.95 43 5ili% £ 99.7%.96.9%.97.7%#1 89.1%. 5 YOLOVI0n FEL YA LL , e ERE AL ¥ mAP@0.5
P& 2.0 NME L, mMAP@0.5:0.95 $5 7.3 NE 4 AL ZEEH 2.3M % 1.50 M, GFLOPs (6.7 [# %
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FOERS . RNENE SR EAE 5, BARNEY Sz M — PR (2) SLRERS 4 GPU
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